Effective history matching of real fields requires the resolution of two outstanding problems. First, a conflict may exist between the production data and the existing geological model built solely from static information. In resolving this problem one must relate the inherent multi-scale nature of production data to petrophysical properties of the reservoir at the proper scale. Second, during model updates, geological consistency must be maintained by honoring the prior geologic information. The geoscientist has to choose what prior information is well know (hence fixed), and what is uncertain (hence modifiable).
Introduction
Streamline-based history matching has been a subject of intensive research over the last several years (see, for example Refs. [2] [3] [4] [5] [6] [7] [8] [9] . History matching using streamlines has been shown to be an attractive alternative to traditional history matching when streamline simulation is applicable. All streamline-based history matching methods take advantage of the simple relationship between the time-of-flight of the streamline (τ), and the effective porosity (φ) and effective permeability (k) of the streamline. The time of flight is defined as, This relationship was first derived by Pollack 1 . The time-offlight is described as the time required for a neutral particle to follow the total velocity field (v t ) from source to sink (along streamline path ξ). The path that the particle traverses traces the path of the streamline. Since the total velocity of the fluids is directly proportional to the effective permeability along the streamline, we know that k paper, we describe the desired shift of the time-of-flight by a correction factor c*, which is the ratio of the time-of-flights. The correction factor is determined by analysis of the water cut mismatch between historical and simulated data at each well. This will be described further below.
We can express the effective resistance of a streamline as a resistance in series weighted by the time-of-flight, (4) where i is the index of the grid block that the streamline traverses, ∆τ is the change in the time-of-flight across grid block i, τ sl is the total time of flight of the streamline, and N b is the total number of grid blocks that the streamline traverses. Note that this expression neglects the effects of relative permeability, net-to-gross, and other factors that may modify the permeability and porosity of a grid block. If we consider a bundle of streamlines the effective resistance can be expressed as, (5) where q sl is the flow rate down each streamline, and N sl is the total number of strealines in the bundle. Combining Eqs. 2-5, we can express the correction factor as a ratio of effective resistances, Eq. 6 can be expressed for a single streamline, or a bundle of streamlines. When considering a bundle of streamlines, Eq. 6 uses the average time-of-flight of the bundle. Thus, for a given c*, we can determine the effective resistance of a streamline required to achieve the desired shift in time-offlight. This has very strong implications for history matching.
Wang and Kovscek 2 show clearly how the simple relationships above can be applied to history matching. In their work, they apply the Dykstra-Parsons expressions for flow in non-communicating layers to flow along streamlines. They obtain equivalent expressions for Eq. 4 and Eq. 6 above. The correction factor was derived from the mismatch in water cut arrival times, and the effective permeability was modified proportionally (applying Eq. 6). On synthetic datasets, they obtain rapid history matches, often in only two or three simulations. Agarwal and Blunt 3 extend the work of Wang and Kovscek to a real field case in the North Sea. Both authors modify directly the grid block permeabilities along the streamlines. Thus, although a history match may be achieved in very few simulations, the corrections follow the streamline paths (i.e. they look like streamlines). The predictivity of such models may be suspect, since the permeability modifications do not have any geological meaning.
Datta-Gupta and coworkers [4] [5] [6] employ the relationship in Eq. 1 in a different manner for history matching. They use Pollack's equation for time-of-flight to calculate sensitivity coefficients analytically, which are then used in standard optimization schemes. The sensitivity coefficient relates the change in time-of-flight of a streamline to the change in permeability at the grid block. Using streamline-derived sensitivity coefficients is shown to be very effective in history matching. In their approach, they modify the individual permeabilities of the grid blocks through classical optimization techniques. The objective function contains a term expressing the mismatch in generalized travel time between the simulation and historical water cut data. To avoid having the changes look like streamlines, smoothing and regularization terms are added in the objective function. In the smoothing term, they account for the spatial correlation between the permeability values in the reservoir model by using a covariance matrix containing the two-point spatial correlation between permeability values. The regularization term minimizes the deviation from the prior geological model. Although the sensitivity coefficients are dependent on the streamline path, the smoothing and regularization terms allow the modifications to not strictly follow the streamlines. This approach has been successfully applied to real field cases 6 , where a rapid history match is obtained. We will discuss the advantages and disadvantages of this approach in the discussion section below.
An alternative approach exists to the methods described above. Instead of correcting permeability directly on the flow grid, the geological model can be reconstructed using geostatistical methods which account not only for the static data, but also for corrections coming from dynamic data. In this approach, the permeability corrections are incorporated into the building process as secondary information during model reconstruction.
The principle advantage is that production data can be accounted for in the reservoir model in a manner consistent with all known, prior geological knowledge. In order to do this, geostatistical algorithms must be available to reproduce the existing flow model, and the algorithms must be able to incorporate the production data into the rebuilding process.
Recent research has developed innovative workflows and algorithms that integrate production data into the reconstruction of the geological model. Caers et al. 7 , Le Ravalec and Fenwick 8 , and Caers 9 demonstrate for synthetic cases how geostatistical methods and streamlines can be combined for history matching. Le Ravalec and Fenwick 8 and Caers 9 use the Gradual Deformation Method 10 (GDM) to obtain history matches in very few flow simulations. The GDM has been show to modify the stochastic realizations from geostatistical algorithm while maintaining the prior geological model (geostatistical input parameters). Although this is an important property, using uniquely the GDM can be very limiting for history matching. When using the GDM the geostatistical input parameters are assumed known and fixed. In real field cases there is often great uncertainty in these parameters (such as average permeability values and variogram ranges). A preferable approach would be if the history matching method could modify the input geostatistical parameters during the history matching process. Gross et al. 11 describe a method to modify the input permeability trend. The trend is described as a locally varying mean (LVM) which is defined for each grid block over the entire reservoir. Bundles of streamlines are considered in order to capture large scale trends.
The permeability is reconstructed using direct sequential simulation [12] [13] (DSSIM). The locally varying mean is adjusted iteratively to match water cut data using the streamline-based permeability corrections derived from the work of Wang and Kovscek. Gross et al. apply this method successfully to a giant Middle-East carbonate reservoir, improving the history match in only eight flow simulations.
In the work presented in this paper, we extend the LVM method of Gross et al. and combine it with the Probability Perturbation Method 14 (PPM) to provide a powerful methodology for modifying the permeability field to match historical water production. The PPM has similar properties to the GDM, and can be easily implemented in standard geostatistical simulation. Through the iterative LVM updates, the approach accounts for variability in the large scale permeability trends in the reservoir. After the trend is determined, the fine scale variability of the given trend is explored using the PPM. The history matching workflow is described below. The workflow is then applied to a giant Saudi Arabian oil field with over 500 producers and over 50 years of historical data. The field has undergone extensive, time-consuming, manual history matching. We examine two cases: the first, where the starting point for the workflow is the existing manually history matched model; and the second, where the original, pre-history matched model is modified using the LVM and PPM workflow. Since in the methodology the geological model must be reconstructed using geostatistics, we must elaborate methods that permit the reconstruction of a manually history matched model. After describing the history matching workflow, we describe how we reconstruct existing geological models.
History Matching Workflow
A history matching workflow is defined as a sequence of algorithms or actions that are performed in order to improve the fluid production and pressure match of a flow simulation model.
In our application, we apply two workflows sequentially. The first is an update of the LVM (or permeability trend). The second workflow applies the PPM 14 , which rearranges the permeability heterogeneity but maintains the trend. This sequence can be repeated several times. Although not shown in this work, LVM updates and PPM modifications can be also be done jointly 15 . A description of these workflows and their theory is given below. Figure 1 . A general description is as follows. The first step in the workflow is the creation of the initial geological model, which incorporates all the geological information including static data at the wells (such as porosity and permeability information). Subsequently, a streamline flow simulation 16 is run, which provides a series of streamline maps. The streamline paths vary in time due to infill well drilling, changing flow rates at the wells, gravity, and the non-linearity of the flow. Most importantly for history matching, the streamlines provide an association between the grid block properties and the production at the wells as a function of time. For our case, we associate the average permeability <k> in streamline-defined regions to individual producing wells. We also compare the simulated and historical water breakthrough curves. From the mismatch of these curves, a set of correction factors (which we denote * c ) is calculated for each grid block. Finally, the correction factors are used to update the LVM and reconstruct the permeability field. We now examine some important steps in more detail.
Generation of Geological Model. History matching involves making an explicit decision on what parameters are unknown, and thus can be modified during the history match, and what parameters are well known. In our approach, we assume that the permeability field can be modified and all other petrophysical and flow-based parameters can remain fixed. In addition, we assume that the reservoir permeability can be modelled using direct sequential simulation (DSSIM) [12] [13] . We will discuss future work to generalize our approach in the discussion below. For more information about DSSIM and the geostatistical algorithms applied in our workflow, please refer to Appendix A. A key component to generating the permeability field is the initial assumption of the locally varying mean of the permeability <k> (LVM), representing the large scale permeability trends in the reservoir. The initial LVM is subsequently modified during the history matching process. Other petrophysical properties (such as the porosity, net-togross, etc.) are left unchanged. The implicit assumption is that these properties for the reservoir are well characterized (by seismic interpretation, for example). Eq. 7 is also used by Gross et al 11 . This equation is derived assuming that the streamline paths are fixed between the time periods t 1 and t 2 . Note that this assumption is made in all streamline-based history matching algorithms. Eq. 7 also assumed that the flow along the streamline is piston-like. The calculation of c* is shown graphically in Figure 2 . The correction factor represents an acceleration or deceleration factor in time for the water breakthrough along a given set of streamlines. Thus, for each producer, between times t 1 and t 2 , the c* is used to modify the average resistance to flow within the bundle of streamlines which contribute to the water production (following the relationship in Eq. 2). However, due to the assumptions in Eq. 7, we cannot apply the calculated c* directly to each grid block along the streamlines. Within a grid block there may be streamlines leading to different producers with different values of c*. In addition, the number of wells in the field changes over time (infill wells), leading to changing flow paths. These changes in flow paths may lead to non-piston-like flow along the streamlines. We thus need to account for the deviation from theory when calculating an average correction factor for each grid block.
Calculating
Eq. 8 is used to account for non-piston-like flow and streamlines in a single grid block leading to multiple producers. The equation is used for a single set of streamlines which are assumed fixed between times t 1 and t 2 (∆t). The calculation is performed for each grid block. First, the flow rates q w and q T for each grid block attributed to each producer p are calculated. The flow rate information comes uniquely from the streamlines. Note that in Eq. 8 wells with higher flow rates get a higher weighting factor. Note as well that if the flow is piston-like (q w = q T ), then the correction factor reduces to simple weighting of c* p by total flow rate. The permeability field is reconstructed by running DSSIM with the updated LVM. Note that if the permeability differs in the horizontal and vertical directions, then the LVM updates are performed in an identical manner in each direction. Note also that we are neglecting the effect of porosity in the expression for the effective resistance of a streamline bundle (Eq. 5). It is therefore not guaranteed that we reproduce the correction factor c* when calculating the ratio of streamline bundle resistances (Eq. 6). Future work will concentrate on accounting for porosity (as well as other geological properties), and reproducing c* more accurately during updating. This workflow is repeated until the objective function no longer decreases. At this point, we apply the Probability Perturbation Method.
Probability Perturbation Method.
After the large scale permeability trends have been captured through LVM updating, we apply the probability perturbation method (PPM) to account for the fine scale variability of the permeability field. Previous papers have principally described the PPM in the context of modifying facies values 18 . In this application, we apply the PPM to modify a continuous value (i.e. permeability).
Appendix A describes in detail the implementation of the PPM for continuous variables. The history matching workflow for the PPM is described in Figure  3 . As in the LVM workflow, the first step is to create an initial model conditioned to known, static data. A flow simulation is then run to evaluate the initial mismatch between simulated and historical data. If the mismatch is significant, the next step is to define the reservoir into drainage regions for each producer. Streamline geometries are used to define these regions (to be discussed further below). Each well i is assigned a perturbation parameter, denoted r Di , which is associated with region i (one parameter per well). By treating the response at well i as exclusively dependent on the properties in its region, we can perform a series of parallel 1-D optimizations, with one optimization parameter (r Di ) per well. The 1-D optimizations are controlled by the individual objective functions at each well. The objective functions can take any of the standard forms that express the mismatch between simulated and historical data at the well. The overall convergence of the inner loop is determined by the total objective function (the sum of the individual objective functions), which is passed back to the outer loop when the inner optimization has terminated. Definition of PPM Regions. The proper definition of the well drainage regions is an important step in the PPM. One important consideration is that there can be only one perturbation parameter per grid block. Thus, a grid block is associated with only one drainage region. This may be very difficult for real field cases with significant amount of history and a large numbers of infill wells. In this case, it may not be clear how to associate a grid block with a single well.
Hoffman and Caers
18 present an interesting approach on how to define PPM regions using streamlines. They found streamline-defined regions to be the most effective in several studies. In our work, we define the PPM regions using the streamline-defined drainage regions at the last time step, which corresponds to the time with the largest number of active wells.
Note that although the perturbations are performed regionally, the geostatistical and flow simulations are performed globally, not sequentially for each region. In this way, we can maintain geological consistency across multiple regions. For example, for channel systems, modification of the location of a channel in one region will influence the location of a channel in an adjacent region. In addition, the channel will always be connected across region boundaries.
Original Permeability Field DSSIM with LVM 
Initial Model Reconstruction from an Existing Model
A key element to our methodology is the use of geostatistics to iteratively reconstruct the geological model during the history matching process. When applying our new methodology in real field cases, it will often be the case that the existing reservoir model has already been modified for history matching purposes. Often, manual history match involves the superposition of permeability multiplier regions over the geological model created by the geologist. The left hand column of Figure 4 shows a region of an existing, history matched model using multiplier regions. Clearly the multiplier regions are not "geological". However, because they contain reservoir engineer intuition which allowed the matching of historical production, the multiplier regions should not be ignored when creating the initial model. We must therefore develop approaches that can account for engineering intuition, and at the same time allow for the construction of an initial model by geostatistics.
One idea for including the manual history match information is to construct the locally varying mean derived from the modified permeability field. The right-hand column in Figure 4 shows the reproduction of the permeability field using DSSIM with LVM. The mean was produced using a Gaussian filter on the original, history matched permeability. The degree of filtering determines the accuracy of the reproduction. Although the reproduction is not exact, high and low values are found in similar locations. In addition the DSSIM images appear more "geological" due the spatial correlation imposed by the variogram.
Corr. Coeff. Another approach is to include the existing, history matched model as secondary information using collocated cosimulation 20, 21 . Appendix A describes this geostatistical technique in more detail. To demonstrate, Figure 5 shows a region of a history matched field which contains permeability multiplier regions. The correlation coefficient (first column) varies from zero to one. A value of zero means that the simulation does not account for the original permeability field. A value of one means perfect reproduction of the original permeability field. Note that as the value of the correlation coefficient (ρ 12 ) approaches one, the DSSIM image increasingly resembles the original, history matched permeability field. Note as well in Figure 5 that we have combined the LVM approach with collocated cosimulation. Thus, even when the correlation coefficient was zero, high and low values of permeability were found in similar locations.
Application to a Giant Saudi Arabian Field
We have applied the new methodology to history matching a giant, Saudi Arabian carbonate oil reservoir. This reservoir has over 500 producers and over 50 years of historical data with dramatically changing field conditions. The model has undergone extensive, manual history matching modifications, examples of which can be found in Figures 4-5 . This process was found to be extremely time consuming, involving dramatic local permeability changes which are often not supported by geological data. We examine two cases. The first case is the application of the methodology to the already existing, manually history matched field. Since significant time and manpower were expended to obtain a reasonable match to the field, the objective will be to effectively incorporate the reservoir engineering expertise into the reproduction of the geological model, and then hopefully improve the existing match. The second case will start with a non-history matched permeability field. The objective will be to improve the history match by applying solely the methodology described in this paper.
The underlying assumption is that the mismatch of the water production in the field is due only to the uncertainty in the permeability.
Case I: History Matched Initial Model. The initial step was to create an initial permeability field based upon the existing, manually history matched model. The LVM of the horizontal permeability was constructed using a Gaussian filtered image of the existing model. The vertical permeability was related by Kv/Kh ratios which varied per layer. A variogram was chosen that allowed for the best match of the variance and spatial correlation of the existing permeability model. The horizontal permeability is modeled using DSSIM. Figure 6 shows the histogram for the horizontal permeability of the original, manually history matched model. After defining the initial model, we apply the LVM update history matching procedure described above. The horizontal permeability is again modeled using DSSIM, with an updated LVM after each flow simulation. The vertical permeability is indirectly modified through the constant Kv/Kh ratios. Due to the large dimensions of the grid blocks, the permeability was not kept fixed in grid blocks containing wells. All other parameters are kept the same as in the original, manual history match. Since the LVM procedure corrects for the mismatch in water production, we compare water production between the original, manual history match, the new streamline-based history match, and the historical production. After five flow simulations and LVM updates, we achieved noticeable improvement in the match. After six more simulations and LVM updates, only slight improvements in the match were found. No more improvements after 11 updates were found. Note that one simulation and LVM update requires approximately 1-1/2 hours on a standard laptop PC, thus the history matched model was obtained rapidly. The final histogram is shown in Figure 8 . The changes to the histogram reflect the general shift to lower permeability values (to retard the excessive water production in the simulation model). Although the LVM updates were obtained using a streamline simulator, in order to compare the results to the original, manually history matched model, we show the results using a standard, finite-difference simulator. The top left plot in Figure 9 (next page) shows a comparison of the water production rate for the field. The blue curve shows the results after five LVM updates. The improvement in matching the historical water production is visible, but not dramatic. On a per-well basis, 40% of the wells showed an improvement in the history match. 25% showed degradation in the match. For the other wells, there was no change. Overall, the objective function decreased by 30%. (In this work, the objective function measures the difference between the historical and simulated water production for the field). Wells A-E in Figure 9 show typical changes to the water production curves. Well A and Well B show significant improvement in the history match compared to the original, manually history matched model. For Well C, the streamline-based history match has improved the breakthrough time, but the volume of water is produced by the well is too low. Well D has an improved match at early times, but the manual history match is slightly better at late times. Finally, Well E shows a significant degradation of the match compared to the manual history match.
One difficulty in the history match, irrespective of the methodology, is the very large number of wells found in high density on the flow grid. Often, only a few grid blocks separate the wells, and occasionally, wells are found in the same grid block. The close proximity of the wells has an important consequence on the ability to history match with any HM technique. Figure 10 shows the flux pattern map at four different times in a section of the reservoir. As can be seen especially at later times, the flow paths between wells can overlap and even intersect. In many cases, a grid block may have flow leading to several producers. The result is that modifications to improve the match on one well can impact negatively on another well. Note that although Eq. 8 above accounts for flow in a grid block leading to multiple producers, there is no guarantee that the resulting correction factor leads to an improvement of the match to the water production.
The relationship between the change in the LVM and the change in the permeability is shown in Figure 11 . The figure shows images from two sections of the field. The images in the left column show the difference between the initial LVM, and the final LVM after five updates. The images in the right column show the difference between the initial permeability field, and the final permeability field after five updates. Note that the changes in the LVM appear to follow directly the streamline paths. However, the changes in the permeability field reflect the spatial correlations inherent in the variogram input into the DSSIM algorithm. Figure 11 also helps to illustrate how difficult it is to improve the history match for all the wells. Note that the change in the LVM contains highly detailed information about how the permeability should be modified. In the right-hand column, the change in the permeability is smooth and follows spatial correlations that are much larger than the detail given in by the LVM changes. If the permeability changes were modified directly as in the LVM changes, the history match would be dramatically improved. However, the resulting geological model would contain non-geologic features visible in the left-hand column. The predictability of such a model may be dubious.
If we wish to maintain geological consistency (hence predictability), important geological information such as spatial correlation should not be ignored. Application of the Probability Perturbation Method did not result in improvement to the history match. The principle difficulty is with the very high density of wells in the flow model. Since the flow paths often overlap, there is not sufficient resolution of the flow regions. Often, improvements in water production match in one well resulted in degradation of the match in another well. We are currently examining intelligent methods to group wells together and apply the PPM on flow regions of groups of wells, instead of individual wells. The expectation is that by grouping well flow regions, there is less overlap in the flow, and thus allowing the PPM to be more effective.
Change in LVM
Change in Permeability Case II: Starting With Unmatched Geological Model. The history matching procedure for the second case is very similar to what is given above. In this section, we emphasize the principle differences between the two cases. In this case, the initial model to be reproduced is the nonhistory matched geological model (i.e. before extensive, manual history matching). In addition, a reduced set of relative permeability curves was used to reflect the initial, prehistory matched state of the reservoir. To test different geostatistical applications to history matching, all DSSIM simulations were performed by kriging the standardized residual. Appendix A explains this procedure in more detail.
To summarize, kriging the standardized residual reduces the simulation of a permeability field to a simulation of the residual values around a mean. The implementation in DSSIM is thus greatly simplified. However, the spatial correlation is between residual values, and not absolute values. Since the resulting realization is not conditioned to the mean, the LVM update procedure may result in features that follow streamline paths (such as seen in the left-hand column in Figure 11) . The initial permeability model was constructed using a filtered image of the existing, non-history matched permeability. The reproduction of the histogram is very satisfactory (not shown). It was noted that the vertical permeability is not correlated perfectly with the horizontal permeability (correlation coefficient = 0.83). Thus, instead of employing a simple Kv/Kh ratio to model vertical permeability as done for Case 1, we use DSSIM to first simulate Kh, then simulate Kv collocated to the (residual) values of Kh. The LVM updates were applied to both horizontal and vertical mean permeability values. The objective for this procedure is to maintain a given correlation coefficient in the history matching workflow.
Significant improvement in the history match was achieved after six flow simulations and LVM updates. Subsequent LVM updates could not improve the match. Figure 12 compares the field water production rate between the historical data (black line), the initial, non-history matched model (green line), the manual history matched model (red crosses), and the history match using the new, streamlinebased workflow described here (blue curve). The new approach has achieved similar results to the manual history match curve, especially at late times. Overall, the objective function was reduced by 42%. 54% of the wells showed improvement in matching the historical water production. 24% of the wells showed degradation in the history match. Note that the history match was achieved solely through modification of the permeability field. Additional modification to other properties such as relative permeability may dramatically improve the match. The improvement in the history match is better compared to Case 1. This is due to two factors. The first is that the initial history match was significantly worse for Case 2, allowing for greater decrease in the objective function. The second factor is the use of the kriging the standardized residual equations. As previously mentioned, simulating the standardized residuals of the data may result in features that follow streamline paths. Hence, non-geological features may appear. Figure 13 shows the difference between the initial, non-history matched permeability field and the permeability field after six LVM updates for two sections of the field. Note the features that appear to follow streamline paths. Since streamlines are dependent upon well configuration, these permeability changes may not be consistent with geological information. Care must be taken when considering the validity of predictions coming from such a model. As in Case 1, the application of the PPM did not improve the solution. As explained above, this reflects the difficulty in obtaining sufficient resolution in the grid to define drainage zones for individual wells. Overall, over 30% of the wells showed improvement in the history match, but over 40% of the wells showed degradation. Degradation of the match in nine wells was noticeably responsible for the failure of the PPM to improve the solution. We are currently examining these nine wells in detail.
Field Water Production Rate

Discussion
We have presented a novel streamline-based history matching methodology that combines two workflows.
The first workflow modifies the permeability trend in the reservoir, represented geostatistically by a locally varying mean. The second workflow modifies the stochastic realization of the permeability, while maintaining the trend, variogram, and other parameters in the prior model. We have applied the methodology to a giant, Saudi Arabian oil field, with over 50 years of production and over 500 producing wells. With a high density of producing wells and relative coarse grid blocks, the field has proved very difficult to history match, requiring tremendous amount of time and effort from the reservoir engineers. The application of this new methodology shows promise in reducing the time required to obtain a history match. Generally, in less than 10 flow simulations, significant improvements in the history match have been observed.
Several distinctions can be made between the methodology presented in this paper, and the work of Datta-Gupta and coworkers.
These authors use streamlines to calculate analytical sensitivity coefficients for each grid block in the reservoir. The analytical sensitivity coefficients are calculated directly during streamline tracing, greatly speeding up the optimization procedure.
This approach modifies the permeability of the reservoir flow model on a per-grid block basis, and the production data is matched using standard optimization procedures. Streamline-based history matching using this approach has been applied to real field problems, with similar effectiveness and efficiency to the approach presented in this paper 6 . To account for the spatial correlation in the permeability, two constraints in the objective function are added. The first constraint prevents large deviations of the permeability from the initial model. The second constraint is a spatial difference operator which accounts for the correlation between permeability values, equivalent to imposing a covariance on the permeability 6 . One disadvantage to this approach is that a covariance matrix may not be sufficient to describe the spatial structure of the reservoir model. This is especially true when the permeability variation is due to differences in facies distribution (i. e., channel geometries), which often require higher order spatial correlation function to be described correctly. Another potential disadvantage is that, since they restrict the deviation of the permeability from the initial model, large changes to the model for history matching may not be possible. Again, this may limit history matching in cases when entire channels or other geological bodies must be perturbed.
In our approach, important information coming from streamlines infers changes to the input parameters for constructing the geological model.
These changes are incorporated as secondary data, and at each iteration the geological model is reconstructed. This process can directly involve the geologist during history matching. The principle disadvantage to this approach is that the history matching workflow is more complicated compared to the approach of Datta-Gupta and coworkers. However, reconstruction of the geological model during the history matching gives several benefits. It takes advantage of geostatistical methods which are capable of integrating data at multiple scales. Geostatistical algorithms ensure consistency between all the data, dynamic and static. For example, permeability is often linked with an underlying facies. When the permeability is modified and the model is reconstructed, the geostatistical algorithms will ensure consistency between the new permeability values and the facies. However, if only the permeability is modified, the new values may not correlate with the facies at the same location (and other properties linked with the facies, such as relative permeability, capillary pressure, initial water saturation, etc.). The engineer is thus forced to check after the history match is performed whether the proposed modifications to permeability are consistent 6 .
Conclusions
In this paper, we present a new methodology for history matching which combines streamline simulation and geostatistics.
Several new applications of geostatistical algorithms are presented which allow the engineer to reproduce and modify geological models for history matching. The methodology provides a history matching framework which can ensure geological consistency in the history matched model. We presented two applications of this new approach to a giant, Saudi Arabian oil field with a large amount of historical data from over 500 wells. In spite of the inherent difficulties in history matching such a field, the new approach has resulted in noticeable improvements to the history match.
In the current work, we focused on modifying the permeability field to achieve a history match. Future work will concentrate on developing methodology that allows the modification of facies, permeability, porosity, and other petrophysical parameters simultaneously in a geologically consistent manner. The key elements to the methodology will be the use of streamline information to intelligently infer changes to the input parameters to the geostatistical algorithms that construct the geological model. Changes to the the petrophysical parameters will then result in changes to the effective resistances of streamline bundles, which will be compared to the desired shifts in the water breakthrough curve. We expect that the new methodology will allow for large changes to geological models while maintaining geological consistency throughout the history matching process. The kriging weights λ α in Eq. A-1 are determined by solving simultaneously a set of n 1 equations using the covariance function of the permeability. The mean value m at location u is assumed to be known. An additional equation appears in the set of equations to be solved, reflecting the correlation between z 2 and z 1 . Note again that the mean value m 1 of variable z 1 at location u is assumed to be known.
( ) The correlation between the primary and secondary data is often difficult to obtain. Using Markov Model 1 20 , Eq. A-4 is often defined using the correlograms given below. .......................................(A-6) In standard collocated cosimulation, ρ 12 (u) varies between 0 and 1 and does not vary with location u. In Eq. A-6, σ i 2 is the variance of data i. In the context of the methodology described above, the correlation coefficient allows for a simple gauge to reproduce to a desired level the existing, manually history matched geological model (whose values are taken as the secondary data).
PPM for Continuous Variables. Implementation of the Probability Perturbation Method for continuous variables is simply the application of Eqs. A-3 -A-6 , where the secondary image has the same prior model input as the primary data. Since the prior models are the same, Thus, as the perturbation parameter r D varies between zero and one, the resulting image from the simulation varies between the secondary image and a completely independent image but with the same prior model. Note that since r D can be a function of location u, we can have close reproduction of the secondary image in one region, and also deviate from the secondary image in another region, while at the same time maintaining consistency with the prior model.
PPM with Secondary Variable.
One can also perform the Probability Perturbation Method conditioned to secondary data (such as an existing history matched permeability field). In this case, there are two additional values z 2 and z 3 in the standard kriging equation, as shown in Eq. A-9. In the equations below, variable z 2 represents the secondary data, and variable z 3 represents the image to be perturbed. Note again that the variables z 3 is assumed to be constructed from the same prior model as z 1 (and should thus be collocated to the secondary data z 2 ).
( ) ( The simultaneous set of equations to be solved contains two extra terms to account for the correlation between the secondary data and the image to be perturbed. The set of equations to be solved is analogous to Eq. A-4. Note that since the prior model is the same between z 3 and z 1 ( ) ( ) Note that in effect the kriging equation is estimating the standardized residual of the variable z 1 *. To obtain the actual value of z 1 *, we simply multiply by the standard deviation σ 1 and add back the mean m 1 . Note that when using Eq. A-13 the spatial correlation is defined purely for the standardized residual of the values.
The simultaneous set of equations to resolve at each location u is then ( ) Eq. A-11 and Eq. A-12 give the expression for the covariance between varianbles z 1 and z 3 , and z 2 and z 3 .
